Abstract. Readability criteria have been commonly used to measure the quality of graph visualizations. In this paper we argue that readability criteria, while necessary, are not sufficient. We propose a new kind of criterion, generically termed faithfulness, for evaluating graph layout methods. We propose a general model for quantifying faithfulness, and contrast it with the well established readability criteria. We use examples of multidimensional scaling and edge bundling to illustrate faithfulness.
Introduction
Graphs become larger and more complex. Graph visualization techniques, to cope with this, are getting more sophisticated and involving complex parameter settings to turn graphs into drawings. Thus, the challenge is to justify how reliable visualizations methods and models are.
Graph drawing algorithms developed over the past 30 years aim to produce "readable" pictures of graphs. Here "readability" is measured by aesthetic criteria, such as:
-Crossings: the picture should have few edge crossings, -Bends: the picture should have few edge bends, -Area: the area of a grid drawing should be small.
Algorithms that attempt to optimise aesthetic criteria have been successfully embedded in systems for analysis in a wide variety of domains, from the finance industry to biotechnology.
In this paper, we argue that readability criteria for visualizing graphs, though necessary, are not sufficient for effective graph visualization. We introduce another kind of criterion, generically called "faithfulness", that we believe is necessary in addition to readability. Intuitively, a graph drawing algorithm is "faithful" if it maps different graphs to distinct drawings 1 . In other words, a faithful graph drawing algorithm never maps distinct graphs to the same drawing.
Faithfulness criteria are especially relevant for modern methods that handle very large and complex graphs. Information overload from very large data sets means that the user can get lost in irrelevant detail, and methods have been developed to increase readability by decreasing detail in the picture. As an example, edge bundling and its variants [15, 24, 30, 31, 40, 44, 50, 55, 63] simplify edge connections in the picture to increase readability with respect to some tasks. Figs. 1 shows two pictures of the same graph; Fig. 1a is a simple circular layout with straight-line edges and Fig. 1b has the same node positions but with "bundled" edges.
However, bundling often sacrifices faithfulness, in that two different graphs can be mapped to the same picture. For example, Fig. 2a shows a graph that differs from the graph Fig. 1a by almost 10 percent of the total number of edges. This graph is bundled in Fig. 2b . The bundled representations of the two different graphs (Figs. 1b and 2b) are identical.
There are several notions along the lines of faithfulness in scientific visualization; these include fidelity of the picture [46] and visual reconstructability for flow visualization [37] . However, there is no model of faithfulness for graph visualization.
In order to describe the faithfulness concept, we present a general model of graph visualization process in Section 3. A general model the faithfulness of a graph visualization method is described in Section 4. Here we divide the general concept into three kinds of faithfulness: information faithfulness, task faithfulness, and change faithfulness. A model for quantifying faithfulness is in Section 6. We illustrate faithfulness with two examples in Sections 7 and 8: multidimensional scaling and edge bundling. Section 11 concludes the paper with a remark about the failure of 3D graph drawing to make industrial impact. Figure 1 (a) and the result using force-directed edge bundling
In particular, several quality metrics have been recently proposed for evaluating high-dimensional data visualization [4] . A survey of quality concerns for parallel coordinates is given in [16] . There is also proposal for judging visualizations regarding the presence of difficulties and distracting elements (or so-called "chartjunk") [35] . Other research focuses on narrative visualization and the effects on interpretations with respect to the intended story [36] .
The previous research on visualization evaluation has focused much on information visualization in a broad sense, while our research has mainly targeted to the quality of graph visualizations.
Readability in Graph Visualization
Graph drawing algorithms in the past 30 years typically take into account one or more aesthetic criteria to aim to increase the readability of the drawing and to achieve "nice" drawings.
There are a wide range of aesthetic criteria proposed for graph visualizations include, for example, (a) minimizing the number of edge crossings, (b) minimizing the number of bends, (c) increasing orthogonality, (d) increasing node distribution, (e) minimizing the total area used, (f) maximizing the symmetries in the underlying network structure.
Graph drawing algorithms can be classified, for example, in one the following criteria. First, one popular technique is force-directed layout, which uses physical analogies to achieve an aesthetically pleasing drawing [3, 5, 39] . Several works extended force-directed algorithms for drawing large graphs in [27, 60] . Second, multidimensional scaling is another popular method for graph visualization and visual mining [10, 12, 38, 49] . Third, many other graph drawing algorithms try to take advantage of any knowledge on topology (such as planarity or SPQR decomposition) to optimize the drawing in terms of readability. Fourth, other approaches offer representations composed of visual abstractions of clusters to improve readability.
Much research has focused on the computational efficiency while achieving the drawing readability, to the extent to which the resulting drawings conform to the aimed aesthetic criteria. In general, the problem of simultaneously optimizing two or more criteria, in many cases, is NP-hard.
In this paper, we propose another criterion, namely faithfulness, to the quality of graph visualizations. The faithfulness is different from readability criteria in the literature.
Mental map preservation in Graph Visualization
An important criterion for dynamic graph drawings is mental map preservation [19] or stability [52] . This is one of the most important concepts for visualizing dynamic graphs.
The mental map concept refers to the presentation of a person's mind while exploring visual information. The better the mental map is preserved, the easier the structure change of a graph is understood. The user's familiarity with the old drawing will transfer to the new drawing with minimal effort.
There are a huge amount of work in mental map preservation. Some layout adjustment algorithms use a notion of proximity to preserve the mental map and rearrange a drawing in order to improve some aesthetic criteria. These algorithms include, for example, incremental drawing of directed acyclic graphs [51] or computing the layout of a sequence of graphs offline [17] or using different adjustment strategies in order to compute the new layout, such as the DA-TU system [33] allows navigating and interactively clustering huge graphs.
Other works have studied the mental map preservation while the graph is being updated [22, 45] . This can be achieved by using force directed layout techniques [22] , or by using simulated annealing [45] .
There are some trade-offs between the readability and the stability of (offline) dynamic graph drawing methods. The most common approach uses the preceding layout as the initial layout for each graph [34, 48] ; yet layout readability may degrade over the sequence of graphs. Other approaches address stability by either placing vertices of fixed vertex locations from the layout of an aggregate of all graphs [48] ; or anchoring vertices to reference positions [9] ; or linking vertices to instances of themselves that are close in the sequence [20] . For details, see a recent comprehensive study of the readability and the stability in these methods [7] .
In contrast to the previous work, this paper defines a new alternative for the mental map preservation and the stability criteria. Our new criterion, namely change faithfulness, helps understand and evaluate dynamic graph visualizations.
Dynamic Graph Visualization
When analyzing dynamic graphs, it is critical to be able to see the statistical trends and changes over time, while preserving user's mental map [47] .
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Fig. 3: Graph visualization model
The most common techniques for representing temporal data are via animation and the "small multiples" display. The animation approach shows visualizations of the sequence of graphs displayed in consecutive frames. The small multiples display uses multiple charts laid side-by-side and corresponding to consecutive time periods or moments in time [2] .
Generally speaking, this previous work has been focused on the space dimension; for example, consider readability and stability or mental map preservation of 2D or 3D drawings of graphs.
In this paper, we are concerned about the faithfulness in both the space and the time dimensions.
Graph visualization model
In this section we describe a semi-formal model for the graph visualization. The section first gives basic annotations of graphs and then describe our graph visualization model.
A graph G = (N, E) consists a set of nodes N and a set of edges E. In practice, the nodes and edges may have multiple attributes, such as textual labels. These attributes can be important for visualization. Further, nodes and edges may be timestamped, and the visualization varies over time. Fig. 3 shows our visualization model. It is an extension of the van Wijk model [59] . Our model encapsulates the whole knowledge discovery process, from data to visualization to human; unlike the van Wijk model, our model includes tasks.
The main processes of the model are "visualization" V , "perception" P , and "task" T , and described as follows.
Visualization
The visualization process maps a data item d ∈ D (an attributed graph) to a layout item (sometimes called a "picture") ℓ = V (d) ∈ L according to a specification s ∈ S. We write this as follows 2 :
The type of data D to be visualized can vary from a simple list of nodes and edges to a time-varying graph with complex attributes on nodes and edges. The specification S includes, for example, a specification of the hardware used such as the size and the resolution of the screen. The layout space L may consist of graph drawings in the usual sense, but more generally consists of structured objects in a multidimensional geometric space. Sometimes it is convenient to regard the layout space as the screen; in this case, using the language of Computer Graphics, it is an image space.
For incremental algorithms, the visualization process may use the previous layout when computing the current layout. The capability of modelling incremental algorithms as well as dynamic graphs makes our visualization model more general than the van Wijk model [59] . In this case, the general form of visualization process becomes:
where the previous layout is the input for computing the current layout. This is necessary, for example, when a layout algorithm attempts to preserve the user's mental map. However, unless otherwise stated we take the simpler model in equation (1).
Perception
The perception process maps a picture from the layout space L to the knowledge space K. We write this as follows:
In this model we use the term knowledge -sometimes called insight or mental picture -to denote the effect on the human of his/her observation of the picture. Again, in time-varying situation, the human's perception can depend on the previous picture, and perhaps it is better to write:
However we use the simpler model (2) unless otherwise stated.
Of course, it is difficult to formally model human knowledge or insight, and it is difficult to assess its value. In particular, in some situations such as exploratory visualization, the information that is contained in the data is not known a priori, and we make pictures to get serendipitous insight.
Task
Visualizations are a useful means for exploration and examination of data using visual representations or pictures. In many practical cases, visualizations are developed to serve for domain-specific tasks. To understand faithfulness, it is important to model these tasks.
Like visualization, the task process is executed by users or data analysers. The task process, however, is not necessarily performed by the same persons who create the pictures from the data. Furthermore, the task process can be performed directly by extracting the answers from the data with or without using a picture of that data.
Examples of common tasks include, for example, identifying important actors and communities in a social network, or exploring possible pathways in a biological network. Domain case studies (see, for example, [6, 61] ) can be used to identify such tasks. Further, there are low-level tasks that are relevant across a wide variety of domains; such tasks have been identified and classified by psychologists (see, for example, [62] ).
This paper models all tasks as processes that map the data space D, the layout space L, and the knowledge space K to a result space R. The result space may vary from a simple boolean space {true, false} to a complex matrix space.
In this model, all the details (aka. questions) of a task are considered less important, similarly to the details (aka. algorithms/mechanisms) of a visualization method; thus, the specific questions of tasks are not taken into account in our model.
The central model for the task process is
this intuition into a semi-formal model. In fact, we distinguish three kinds of faithfulness: information faithfulness, task faithfulness, and change faithfulness. Then we discuss the difference between faithfulness and correctness, and then between faithfulness and readability.
Information faithfulness
The simplest form of faithfulness is information faithfulness. This is based on the idea that the visual representation of a data set should contain all the information of the data set, irrespective of tasks. In terms of the notation developed above, a visualization V is information faithful if the function V is one-one, that is, V has an inverse.
As an example, consider the classical barycenter visualization function that takes as input a planar graph G = (N, E), places nodes from a specified face on the vertices of a convex polygon, and places every other node at the barycenter of its neighbors (see [56] ). This function is information faithful on internally triconnected (see [56] ) planar graphs. However, if the input graph is not internally triconnected, then same picture can result from several input graphs (each internal triconnected components is collapsed onto a line), and the method is not information faithful.
Task faithfulness
The intuition behind task faithfulness is that the visualization should be accurate enough to correctly perform tasks. In terms of the functions V and T defined above, a visualization V is task faithful with respect to specification s ∈ S if
for every data item d ∈ D. If a visualization is information faithful, then clearly it is task faithful; however, the converse may not hold.
Consider, for example, a visualization function V cir that draws all nodes a graph G on the circle. Clearly, V cir is information faithful; Fig. 1a is an example, in which we can find all nodes and edges in the drawing. Further, V cir is taskfaithful: all the data is represented in the drawing, and so all tasks can be performed correctly using the drawing.
On the other hand, Fig. 1b shows a graph drawing using edge bundling. Consider the task to estimate the number of edges between two contiguous groups of nodes on the boundary of the circle. The edge bundled drawing is certainly task-faithful for this task; however, it is not information faithful, as the original graph is no longer reconstructable from the bundled layout.
Change faithfulness
The intuition behind change faithfulness is that a change in the visual representation should be consistent with the change in the original data. Note that this is a different concept to the mental map [19] or stability [52] ; while these concepts are concerned with the user's interpretation of change, the concept of change faithfulness is concerned with the geometry of change.
Change faithfulness is important in dynamic settings, such as interactive or streamed graph drawing. However, it is also valid in static settings, because the difference between two pictures should be consistent with the difference between the two data items that they represent.
Consider, for example, a function V groups that visualizes the interaction networks d that occur between European Science in Society researchers in Health 3 .
Fig. 4: Interaction groups between Health researchers in the EuroSiS dataset
Suppose that V groups uses a force directed algorithm to draw the connected components of a graph d ∈ D separately, and arranges these components horizontally across the screen, as in Fig. 4 . Note that V groups is information faithful. However, V groups is not change faithful, because a small change in the graph d (such as adding an edge) can result in a large change in the picture.
Remarks
Remarks -faithfulness and correctness: We should stress that faithfulness is a different concept to the classical idea of correctness of an algorithm. An algorithm is correct if it does what it is required to do; correctness is an essential property of every algorithm. However, a visualization method may do exactly what it is required to do without achieving faithfulness.
Remarks -faithfulness and readability: More importantly, faithfulness is a different concept to readability. Readability is well studied in the Graph Drawing literature. It refers to the perceptual and cognitive interpretation of the picture by the viewer. Readability depends on how the graphical elements are organised and positioned. It does not depend on whether the picture is a faithful representation of the data. We can divide the readability concept into three subconcepts in the same way as we divided faithfulness:
1. Information readability: A drawing is information-readable if the perception function P is one-one; that is, if two pictures appear the same to the user, then they are pictures of the same graph. Effectively, this is saying that all the information from the picture can be perceived by the human. 2. Task readability: A visualization is task-readable for a task
Change readability is the classical mental map.
A good graph visualization method should achieve both faithfulness and readability; in practice, however, there may be a trade-off between the two ideals. This is especially true with large graphs, when the data size is too large for the visualisation to be information-faithful; indeed, the number of pixels may be smaller than the graph size. In such cases, faithfulness is sometimes be sacrificed for readability. In specific domains, there are important tasks for which the visualization can be both readable and task-faithful.
Extension models
We discuss a few extensions to our graph visualization model and faithfulness model. Generally speaking, this new concept of perceptual faithfulness is a compound of the visualization faithfulness and the visualization readability. This is inherently more general than our basic model:
Enhanced graph visualization model
-a faithful visualization may not be readable, -a visualization, which is readable, may not be faithful -a visualization is perceptually faithful if it is both faithful and readable This notion of perceptual faithfulness is apparently useful for modern visualization techniques to handle large and complex graphs. Visualization techniques to be considered good should aim for for both faithfulness and readability.
Faithfulness in space and time
The above concepts of faithfulness concern mostly on the "space" dimension. That is, the visual mapping from data d ∈ D to image l = V (d) ∈ L does not (explicitly) consider the "time" factor.
We can extend the above concepts to integrate the time dimension. Let T denote the time domain and let t ∈ T be a time point. A graph d at time t can be presented by a two-dimensional data item (d, t) of the graph d and the time t. The visualization process V transforms the two-dimensional data item into:
-a drawing V (d, t) in which the drawing of V (d) is placed at a location in space determined by t. For example, in small-multiple displays. -a drawing V (d) at a time frame V (t). For example, in animation approaches.
In existing methods of dynamic graph visualizations, the time t is often the sequence number that represents the order of the graph d in the sequence of input graphs. Thus, the time transformation as an identity function, i.e., V (t) = t, is a safe assumption for these cases. The faithfulness concepts may disregard the time factors in these cases without loss of accuracy.
However, when time t is considered in a more general setting, there are several implications that need to be considered.
First, consider the faithfulness in the small-multiple approaches. The information faithfulness should consider the reversibility of the time t; for example, placing graph elements of d at a time t close together and avoid mixing elements of different times. Task faithfulness should consider the accuracy of task performance regarding the time attributes. For example, one should correctly identify if two data elements belong to the same time or not. Change faithfulness should further consider the change in time in the final visualizations. For example, two graphs d at time t and d ′ at time t ′ are placed close together if |t − t ′ | is small; or placed far if |t − t ′ | is large.
Second, consider the faithfulness in the animation approaches. The transformation of time t to V (t) can be, for example, the identity function, a linear function, a sequence-based function, or a non-linear function. The information faithfulness should consider the inversibility of the time t; for examples, place graph elements of d at a time t in a separate frame t. Task faithfulness should consider the accuracy of task performance regarding the time attributes. For example, one should correct identify whether or not a graph element exists at time t. Change faithfulness should further consider the change of graphs together with the change in time in the animation. For example, two graphs d at time t and d ′ at time t ′ appear at frames V (t) and V (t ′ ) that are close/far in the animation if |t − t ′ | is small/large.
Faithfulness metrics
Faithfulness is not a boolean concept; a visualization method may be a little bit faithful, but less than 100% faithful. The classical concept of readability of a graph drawing can be evaluated using a number of metrics; these include, for example, the number of edge crossings, the number of edge bends, and the area of a grid drawing. These readability metrics are formal enough that the problem of constructing a readable graph drawing can be stated as a number of optimisation problems; thus optimisation algorithms can be used.
We aim to create a list of faithfulness metrics that play the same role. In this section we develop a framework for such metrics. We assume that the spaces D, L and R each have a norm, which we generically denote by · . Roughly speaking, x is the "size" of item x.
Information faithfulness metrics
The simplest way to measure the information faithfulness of a graph visualization function V is to measure its "ambiguity". For each ℓ ∈ L, let V −1 (ℓ) denote the set {(d, s) ∈ D × S : V (d, s) = ℓ} and let |V −1 (ℓ)| denote the number of elements in V −1 (ℓ). Then the worst case information faithfulness of V is a function f inf o on the natural numbers, defined by
One can similarly define the average case information faithfulness of V . A more subtle approach is to measure the information faithfulness of a graph visualization function V as the information loss in the channel. The loss of information during the visualization process is defined as entropy in information theory. The information loss is easier to measure than the total information content of a data set. There are several techniques for measuring information content and information loss (for a full discussion, see [53] ).
Task faithfulness metrics
We can measure task faithfulness as the difference between the result from the visualization and the result from the data. The worst case task faithfulness of V is a function f task on the natural numbers, defined by
with respect to the task T = (T D , T L , T K ) and specification s ∈ S.
Change faithfulness metrics
Tufte [58] defines the "lie-factor" as the ratio of change in a graphical representation to the ratio of change in the data. We can express Tufte's concept in terms of our model:
Tufte's aim is to measure the quality of static visualizations in terms of the lie-factor, but we can apply the same principle in a dynamic setting. Intuitively, the lie factor increases as change faithfulness decreases, and so for two data elements d ′ and d we can measure the worst case change faithfulness as:
f change (n) = max
).
Example 1: Multidimensional scaling and force directed approaches
This section discusses the multidimensional scaling (MDS) [8] and force directed approaches to Graph Drawing [18, 21, 23, 25, 32, 54] in terms of faithfulness. The MDS approach to Graph Drawing works as follows. The input is a graph G = (N, E), and a |N | × |N | matrix of dissimilarities δ u,v . The goal is to map each node u ∈ N to a point p u ∈ R k such that the given dissimilarities δ u,v are well-approximated by the distances d u,v = p u − p v . The set of points p u forms the layout ℓ = V (G) of G. In practice, k is commonly 2 or 3. In most applications, δ u,v is chosen to be the graph theoretic distance between nodes u and v.
To measure the success of an MDS function, a "stress" [41] function is commonly used to compute the distortion between dissimilarities δ u,v and fitted distances d u,v . In the simplest case, the stress of a layout ℓ ∈ L is:
MDS can be seen as an optimisation problem where the goal is to minimise this stress function. Force directed algorithms have a similar flavour, but view the problem as finding equilibrium in a system of forces.
Task faithfulness
The stress formula (4) can be seen in terms of our task faithfulness framework. Suppose that T is a task that depends on the graph theoretic distance between nodes; let R be the set of real-valued matrices indexed on the node set. For
where D n is the set of graphs of size n and · 2 is the Frobenius norm. Clearly, minimising task faithfulness is equivalent to minimising the stress defined by (4).
Change faithfulness
Further, we can evaluate the change faithfulness of an MDS method. In fact, MDS methods have been used extensively in dynamic settings, using stress to preserve the mental map. Suppose that at time t, we have a graph G (t) , and the visualization function places node u at point p (t) u at time t. A stress function can calculate the difference between the layout ℓ (t) ∈ L at time t and the layout ℓ (t ′ ) ∈ L at an earlier time t ′ :
In the so-called "anchoring" approach, t ′ is zero; in the "linking" approach, t ′ is the previous time frame before t (see [7] ). These measures, however, aim for the mental map preservation -or change readability -rather than change faithfulness. For example, they aim to ensure that if the change in the graph is small, then the change in the layout is small. They do not ensure that if the change in the graph is large, then the change in the layout is large. However, we can use the stress approach to define the lie factor, such as:
u,v denotes the graph theoretic distance between u and v in G (t) . Then the worst case change faithfulness can be measured in terms of the distortion of the data change relative to the layout change:
Remarks
The force directed and MDS approaches has had considerable impact on the commercial world, despite the fact that they do not have explicit or validated readability goals. We believe that the success of these approaches is due to the fact that they have explicit and validated task faithfulness goals with respect to tasks that depend on graph theoretic distances. We suggest that better MDS methods could be designed by optimising their change faithfulness using the lie factor stress above.
Example 2: Edge bundling
Edge bundling, as illustrated in Figs. 1b and 2b, has been extensively investigated to reduce visual clutter in graph visualizations. Many edge bundling techniques have been proposed, including hierarchical edge bundling [30] , geometry-based edge clustering [15, 30, 44, 63] , force-directed edge bundling [31, 40, 50, 55] and multi-level agglometive edge bundling [24] . The US airline networks are typically examples for edge bundling methods. Fig. 6 shows several edge bundling results. (c) IBEB [57] (d) Lambert et al. [43] (e) TGI-EB [50] (f) MINGLE [24] Fig. 6: Examples of US airline networks using edge bundling Edge bundling seems to increase task readability with respect to some tasks; for example, the classic bundling of air traffic routes in the USA (see [15, 24, 31, 50, 57] ) seems to make it easier for a human to identify the main hubs and flight corridors. However, some readability metrics are sacrificed; for example, the number of bends is increased, making individual paths difficult to follow (the authors are not aware of any human experiments that measure readability for edge bundling). In this Section we make some remarks about the faithfulness of edge bundling.
Information faithfulness
As noted in Section 1, edge bundling reduces information faithfulness: as more edges are bundled together, it becomes harder to reconstruct the network data from a bundled layout. We can propose a rough-and-ready metric for this reduction based on the model presented in Section 6. Given an input graph G = (N, E), an edge bundling visualization process V partitions E into bun- 
Task faithfulness
Most bundling methods use a compatibility function; roughly speaking, a compatibility function C assigns a real number C(e, e ′ ) to each pair e, e ′ of edges. Two edges e and e ′ are more likely to be bundled together if the value of C(e, e ′ ) is large. A number of compatibility functions have been proposed and tested; these include spatial compatibility [31] from length, position, angle and visibility between edges, semantic compatibility [40] for bundling multi-attributed edges, connectivity compatibility [55] , importance compatibility and topology compatibility in TGI-EB [50] . Some of these functions depend only on the input graph G, and some depend also on the layout of G.
For a number of tasks, such as identifying hubs in a network, highly compatible edges are equivalent; the correct performance of such tasks does not depend of distinguishing between them. Here we show that stress functions can be used to define metrics for computing the task faithfulness of the edge bundled layout relative to such tasks.
Given a pair of edges e and e ′ in an input graph G, let C(e, e ′ ) denote their compatibility. We assume that this compatibility function depends only on G and not on its layout. Let ℓ ∈ L be the layout of G. For two edges e and e ′ , let d(e, e ′ ) be the distance between the curves representing e and e ′ in ℓ. We can choose from a number of distance functions for curves, such as the Fréchet distance [1] and several distance measures for point sets [11] . The stress in ℓ is then defined as:
We can then define the worst (average) case task faithfulness f (n) of an edge bundling visualization function V as the maximum (average) of stress (edge) (ℓ) over all input graphs of size n.
Remarks
Despite the plethora of recent papers in edge bundling, there are few evaluations of effectiveness. Using the formal models outlined above, one can begin to evaluate faithfulness and compare bundling methods. For example, one can test the following hypotheses:
The force-directed edge bundling (FDEB) [31] methods and its force-directed variants [40, 50, 55 ] are task-faithful.
H 2 Force-directed edge bundling methods are more task-faithful when using more control points per edge.
Our initial studies (see Appendix 8.3) using the metrics above have shown a confirmation of the above hypotheses. Hypotheses on the Faithfulness of Edge bundling We have conducted several experiments for the faithfulness metrics, described in Section 6. We use the worldcup data 4 as our examples. Fig. 7 shows statistics of stress values at different iteration cycles of forcedirected edge bundling algorithm (FDEB) [31] . The figure has shown that FDEB achieves more faithful results when more number of cycles are performed. Furthermore, in later cycles the algorithm uses more control points to improve its layout, the result becomes more faithful. 
Example 3: Visualization metaphors
This section discusses our new notions of faithfulness for several representative metaphors for graph visualization.
Matrix representation
Besides node-link diagrams, visualization of graphs as matrix form is also popular. Generally speaking matrix metaphor is very faithful, as all the nodes and edges are represented in the visualization. However, for certain tasks such as path tracing, matrix metaphor is not task-readable.
There has been a number of research aiming to improving readability of matrix metaphors; for instance, reordering columns/rows to show highly connected groups of nodes.
Cartography
There is a recent upsurge in interests of map-based visualizations. For example, the music land visualization [26] gives attractive visualizations depicted in Fig. 9 . These map-based approaches do increase task faithfulness as many tasks such as identifying similar topics become straight-forward. However, they do sacrifice information faithfulness to increase readability. Typically, links with small weights can be discarded to focus on more important links and to create appealing maps with more readable boundaries.
Compound visualizations
Compound visualization techniques combine several types of visualization metaphors into the final result. Examples include, for example, MatLink [28] , NodeTrix [29] , which integrate matrix views with node-link diagrams. Fig. 10 shows an example of the hybrid visualizations by NodeTrix [29] . In general, these techniques [28, 29] seem to increase readability for some parts of the networks that are of most interests and at the same time may sacrifice faithfulness and readability in other parts of the network that are less important. Furthermore, there can be a trade-off between global readability and local readability, and between global faithfulness and local faithfulness.
Discussions and Future work
This section discusses about recent advances and important factors in graph visualization.
Research in visualization in general and graph visualization in particular is influenced by two main factors: (1) display capacity (hardware), and (2) interaction. The former is related to the availability of improved display resources. The latter refers to the development of novel interaction algorithms to adapt to main display parameters such as the level of detail, data selection and aggregation, by which the data is presented.
Display device
Desktop displays include the high-resolution displays and advanced display devices, such as large-scale power walls and small portable personal assistant, graphically-enabled devices. Faithfulness metrics should be addressed in a specific formula depending on the characteristics of the available output devices.
Interaction
The analyst needs to be able to fully focus on the task irrespective of the complexity of the user interface, which could be potentially distracting. Novel interaction techniques need to support seamlessly visual communication of the user with the system. To this end, user inputs are a must to support of the user in navigating and analyzing the data, memorizing insights and making informed decisions.
Consider the case when the user's attention concerns only a certain part of the graph, for example, through data queries or by repeated direct manipulations of the same graphical elements. The layout adjustment could sacrifice the overall faithfulness to the local faithfulness (for the part of the graph in concern)
Beyond that, distortion techniques such as lens effects and occlusion reduction also provide the analyst with trade-off between faithfulness and visual clarity. Each of them typically transforms object's position to improve local readability at the cost of accuracy of global relations.
Level of details
Appropriate solutions need to intelligently combine visualizations of selected analysis details and a global overview. The relevant data patterns and relationships need to be visualized on several levels of detail, and with appropriate levels of data and visual abstraction. The overall goal is to balance between the faithfulness and the readability to maximise the user's expectations.
Affine transformation
The intuition of faithfulness does not depend on global affine transformations such as rotation, translation and scaling. However, some transformations of the local parts of the graphs may increase readability, yet may degrade faithfulness.
Metrics for compound visualizations
It would be interesting to define faithfulness metrics for compound visualizations. Intuitively, the compound methods should balance between faithfulness values of different parts of the networks, and they should also balance between faithfulness globally (overall) and locally (sub-networks).
